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Abstract

Understanding regulatory mechanisms in complex biological systems is an important challenge, in particular to understand disease mechanisms, and to discover
new therapies and drugs. In this paper, we consider the important question of cellular regulation of phenotype. Using single gene deletion data, we address the
problem of linking a phenotype to underlying functional roles in the organism
and provide a sound computational and statistical paradigm that can be extended
to address more complex experimental settings such as multiple deletions. We apply the proposed approaches to publicly available data sets to demonstrate strong
evidence for the involvement of multi-protein complexes in the phenotypes studied.
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Background
Understanding regulatory mechanisms in complex biological systems is an important challenge.
In medicine, in particular, it will lead to greater understanding of the processes involved in some
diseases. Knowledge of the disease regulatory mechanisms will enable us to identify biological targets for drug therapy and improve the specificity and efficacy of those drugs. The challenge of
understanding cellular regulatory mechanisms is difficult due to the size of the underlying biological network and the heterogeneous nature of the control mechanisms involved [20, 25]. Oti and
Brunner (2007) report that, in human genetic disease, good candidate genes can be obtained by
identifying genes that interact with known functionally related disease genes. However complications arise when attempting to attribute particular disease phenotypes to single genes. Indeed,
many genes are pleiotropic, i.e., play many roles in the cell, and it may not be clear which of those
different functions is directly related to the change in phenotype [8]. Moreover, epistasis can mask
the phenotypic effect of a gene, obscuring the relationship between gene and phenotype [20]. Tools
are therefore needed to identify which function of a gene relates to a disease phenotype. More
generally, systems biology approaches are now required to understand the interactions between the
components of a biological system, and how these interactions give rise to the function and behavior
of that system. Here, we propose systems biology approaches and tools to disentangle the gene
contribution to a disease phenotype.
In this paper, we promote the concept that while phenotypic changes are often measured by
the manipulation of single genes, such as gene deletion, or up-regulation, interpreting the biological
mechanisms that underly the change in phenotype will often depend on higher levels of organization,
such as multi-protein complexes. Indeed, while proteins are often the primary unit used by cells
to carry out the many different functions that the cell requires for life, they seldom accomplish
important tasks alone, but rather assemble into organizational units. In fact, recent studies suggest
that some control of phenotype can be usefully attributed to multi-protein complexes rather than
genes or pathways [7, 8, 10, 24] and hence may help provide elucidation of the underlying roles or
mechanisms that directly control changes in phenotype. We thus propose computational models and
statistical paradigms to identify those multi-protein complexes and we will use the term ’critical’ to
refer to them as they relate to the phenotype being studied and are likely to be affecting its control.
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Some of the ideas we discuss extend those proposed by Ideker et al. [17, 22] and Collins et al. [5].
But we propose to combine both ideas to increase statistical power and characterize known, as well
as predicted, cellular organizational units. Indeed, Ideker and collaborators presented a method to
identify functional linkage between genetic and physical interaction networks. However, while they
concentrated on probabilistic interaction networks, we will focus on multi-protein complexes as we
believe it is a more powerful approach to identify cellular organizational units that affect phenotype.
In fact, Collins et al. have demonstrated that genetic interaction can be used to dissect functionally
multi-protein complexes. To that aim, they used a hierarchical clustering technique to correlate
genetic interaction and multi-protein complexes. While this hierarchical clustering approach is also
interesting, it lacks statistical power to detect critical cellular organizational units.
We will apply our methods to two different, but related, studies of single gene deletions in Saccharomyces cerevisiae by Giaever et al. [11] and Deutschbauer et al. [7]. Giaever and collaborators
undertook a genome wide study of the effect of gene deletion to understand gene function. They
found that some genes (or their associated proteins) proved essential for growth on rich glucose
medium. Similarly Deutschbauer et al. [7] studied the mechanisms of haploinsufficiency, i.e., a
dominant phenotype in diploid organisms that are heterozygous for a loss-of-function allele. While
our approaches focus on understanding the functional roles that underly phenotypic changes when
manipulating single genes, these methods will also form the basis for the analysis of more complex
gene manipulation experiments. In addition, our methods can easily be applied to different estimates of organizational units within the genome, or proteome, and in no way rely on the particular
choices we have made here.

Results and Discussion
Phenotypes can be attributed to multi-protein complexes
In S. cerevisiae, out of the 6,466 Open Reading Frames (ORFs) believed to compose its genome,
approximately 1,000 ORFs are said to be essential in rich media environment [11] and 184 are said
to be haploinsufficient [7]. In order to investigate whether those phenotypic changes can be usefully
attributed to multi-protein complexes, we tested the null hypothesis that there is no association between the collection of genes that induce the phenotypic changes and multi-protein complexes. One
way to illustrate this hypothesis is to imagine that if no relationship exists between the observed
phenotype and multi-protein complex membership, we expect to see, for a given multi-protein
complex, the proportion of genes associated with the observed phenotype close to the population
proportion, e.g., approximately one sixth for essential genes. If instead an association does exist,
we expect that there will be some multi-protein complexes that have a large proportion of proteins
associated to the observed phenotype and some with a small proportion, but fewer than expected
(in the statistical sense) with moderate proportions (Figure 1).
We tested this hypothesis using two omnibus tests and our current estimate of the S. cerevisiae multi-protein complex interactome [21]. The first test is based on density estimation [23]
and the second approach is based on the permutation of graphs proposed by Balasubramanian et
al. [2] (See Materials and Methods for details). Figure 2 shows the results of the density estimation
approach for essential genes, Panel (a), and for haploinsufficient genes, Panel (b). These plots
provide a heuristic tool for assessing whether the observed density (dark line) is similar to those
generated under the null hypothesis of no association between the genes inducing a phenotype and
2
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the multi-protein complexes used (gray lines). We note that while the observed proportions must
be between zero and one, this constraint is not imposed on the smoothed histograms, and they do
extend beyond 0 and 1. This is not particularly problematic as all estimates (both the observed
and the permutations) are subject to the same procedure. We could use ordinary histograms,
but they simply could not be plotted one on top of the other, so we could not easily visualize
the difference between the observed and permutation data (also for visualization purposes only 50
out of the 1,000 permutations performed are shown in Figure 2). In Panel (a), the observed data
show that there is not only an over-abundance of multi-protein complexes with values near 0 but
also an over-abundance of multi-protein complexes with proportions of essential genes near 1. The
curves representing the smoothed histograms for the permuted data are clearly very different from
the observed data, with larger values near the center (proportions between 0.4 and 0.6) and lower
values near 0 and 1. We also remark that all curves show a number of peaks. These arise due to
the discrete nature of the multi-protein complexes. There are many complexes composed only of
2, 3 and 4 proteins. For these the observed proportions are similarly limited (e.g., a cluster of size
3 can have proportions 0, 1/3, 2/3 or 1). For the haploinsufficient genes the effect appears to be
much less substantial (Figure 2b). One possible explanation is that this is due to the small number
of haploinsufficient genes represented in our interactome. Indeed, the outputs are different by an
order of magnitude; about 30% of all genes in yeast are essential under the conditions tested while
only 3% are haploinsufficient and only 100 out of the 183 haploinsufficient genes are represented
in our interactome (See Table S1 in Supplementary Materials for more details). Figure 3 presents
the results of the graph theory approach, Panel (a) for the essential phenotype and Panel (b) for
haploinsufficiency. In each graph, the histogram represents the distribution of the number of edges
observed using the permutation model, under the null hypothesis, and the red line indicates the
number of edges in the observed data. In both cases the observed number of edges in the intersection is far larger than any value from the permutations and hence the permutational p-value is less
than 1 in 1,000. Theses results provide strong evidence against the null hypothesis and indicate
that some associations exist between the genes associated with those particular phenotypes and the
multi-protein complexes used in our analysis.
Since the overall tests provided strong evidence against the null hypothesis and demonstrated
that some but probably not all the sources of the observed phenotypes can be usefully attributed to
multi-protein complexes, we looked for the multi-protein complexes that have an over-representation
of the genes inducing those phenotypic changes, i.e., the critical multi-protein complexes. Using
a Hypergeometric test with a p-value threshold of ≤ 0.01, we identified 102 multi-protein complexes that have a significant number of essential genes and separately 38 that have a significant
number of haploinsufficient genes (Table 1 and supplemental Tables S2 and S3). It is interesting
to note that, for the essential phenotype especially, most of the critical multi-protein complexes
have a proportion of essential genes close to 1 (e.g., GO:0005666, MIPS:410-30 ). In the sets of
critical multi-protein complexes we identified some that are rather well-characterized multi-protein
complexes (i.e., annotated in the GO or MIPS database) and other that were predicted from highthroughput protein interaction data [21]. For both phenotypes, the annotated complexes are mostly
involved in the replication and transcription machineries (e.g., the pre-replication and replication
complexes, the small nucleolar ribonucleoprotein complexes and the MCM complex ) or the DNA
repair and structural integrity of protein (e.g., the NEF3 complex, the Smc5-Smc6 complex and
the proteasome). Among those, the essential and haploinsufficient phenotype share 19 critical com-
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plexes. These results are not too surprising as the functions of those complexes are known to be
critical for cell growth and proliferation. However, more surprising are the exosome and exocyst
complexes involved in RNA degradation and secretory pathways. The identification of the exocyst
complex as a critical complex is especially interesting as that complex is highly conserved across
species [14] and is required for polarized exocytosis from yeast to mammals. This mechanism is
crucial for cell growth, cell-cell communication, and cell polarity establishment.
Regarding predicted multi-protein complexes that we identified as critical, some of them also
participate in the replication and transcriptional machinery as the essential genes that belong to
those complexes are mostly annotated at those biological functions (data not shown). However it
is difficult to infer the true role of those multi-protein complexes from our data as we only have
the per-gene annotation for these complexes which is biased toward what is already known about
the genes. Nevertheless, to assess the quality of the multi-protein complex prediction method
and the importance of those predicted complexes in contributing to some phenotypes, we investigated whether some predicted complexes were identified by more than one phenotype. In fact, 10
predicted multi-protein complexes are critical for both essential and haploinsufficient phenotypes.
Furthermore, we investigated other phenotypic datasets and identified new sets of unknown multiprotein complexes also involved in more than one phenotype (see Table S6 and S7 in Supplementary
Materials for details). These findings suggest that those predicted multi-protein complexes are in
fact real and functional.
Some caution is needed since some multi-protein complexes overlap substantially and have
similar descriptions. As an example, the MIPS-510.120 complex (RNA polymerase III ) is entirely
contained in the GO:0005666 complex (DNA-directed RNA polymerase III complex ). In fact, it
is well known that multi-protein complexes can have several functional isoforms but it is virtually
impossible to distinguish them via AP-MS or pull-down technologies if all variants are present [9].
It is also difficult to accurately represent this behavior in the data structures used to model these
data. Furthermore, Lichentenberg et al. [6] have shown that many cell-cycle related complexes
use a ’just-in-time’ assembly mechanism before being active. Therefore, some complex definitions
do not correspond directly to functional complexes as their different functional isoforms are not
necessarily well separated in the time and space. High throughput interaction protein experiments
are also not error free [4]: difficulties to identifying and annotating complexes, technological problem
detecting small complexes, etc., all lead to errors. Nevertheless those experimental limitations
and data representation issues are likely to be overcome with the improvement or development of
technologies. And our methods will be directly applicable to such improved predictions when they
become available.
Finally, in our approach, we did not adjust for multiple comparisons as it is unclear how to
account for the fact that most genes are members of more than one protein complex and hence there
is a very complicated dependency structure between the tests. We rather combined two distinct
tests to increase the confidence in our decision making. While the density estimates approach
is quite effective for the case where the proportion of genes affecting a phenotype is relatively
large (e.g., lethality) it appears to perform poorly when there are very few genes that affect the
phenotype. In large part this is due to the fact that many of the known protein complexes are
quite small and hence for rare characteristics the expected number of genes of interest per complex
(e.g., haploinsufficient) is zero. The discrete nature of the size of the complex also induces visual
anomalies in the plot (e.g., the multiple peaks in Figure 2). However, the plots allow for rapid
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visual inspection and consideration of the null hypothesis, even without an explicit p-value. The
second computational approach gives an explicit p-value and can be used to test for associations
between the relationships in two, or more, data sets.

Critical multi-protein complex robustness
Among the critical complexes, even though the proportion of genes inducing the phenotype per
complex is often close to 1, some contain a number of non-essential genes (e.g., GO:0005681, the
spliceosome, is composed of 31 genes from which 22 are essential). We thus wondered about the
properties of those non-essential genes. We took distinct approaches to understanding the possible
roles of the non-essential genes. The first approach was to test whether or not the single gene
deletions were not able to impair the functioning of the complex. We tested that hypothesis by
deleting pairs of non-essential genes, within uncharacterized complexes (Table S9 in Supplementary
Materials). Out of the 17 pairs tested 11 did not show any significant growth defect. For the
remaining 6, we were not able to obtained diploid double deletion strains. Thus suggesting that,
in our case, complex robustness does not play a primary role. There are, of course, many other
possible explanations for the presence of non-essential genes in essential complexes (e.g., signaling,
transport).
We next undertook a computational study to consider conservation across species. Many authors have shown that essential genes are more likely to have orthologs in other organisms than
non-essential genes [11]. Using the reciprocal smallest distance method (RSD) [27], based on evolutionary distance metrics, we calculated distances between S. cerevisiae and 6 other fungi genomes.
We only considered the critical complexes and calculated distances for the essential genes separately
from the non-essential genes. Figure 4 shows in fact, that within critical complexes, essential genes
are more conserved than non-essential genes. Indeed, in all cases the median distance (the black dot
inside the boxplot) for non-essential genes is smaller then the median for the non-essential genes, the
spread (IQR) is smaller for the essential genes as well. The evolutionary distances between species
are smaller and the percentage of orthologs found is higher (see also Table S8 in Supplementary
Materials for statistical significance). Following this idea, we tested whether in a protein complex
associated to a phenotype, the genes inducing the observed phenotype are more conserved than
the other genes of that complex. While this seems to be true for the essential genes identified by
Giaever et al. [11], and the small ORFS characterized by Kastenmayer et al. [16], this hypothesis
does not hold in all cases (See Figure S1 to S3 and Table S8 in Supplementary Materials for more
details.)

Are cellular pathways also critical?
Finally, we also considered the role of pathways in explaining phenotypic changes at the system
level. We thus used the well-known KEGG database [15] to test whether for each KEGG pathway
we observed a higher proportion of genes associated with the observed phenotypes (essentiality and
haploinsufficiency) than expected by chance.
The smoothed density approach indicated substantial discrepancies (Figure S4 in Supplementary
Materials). Many more pathways than expected by chance have no genes associated with the observed phenotypes, suggesting that the null hypothesis is not tenable for either the haploinsufficient
genes or the essential genes. In fact, out of the 99 known KEGG pathways, 28 are known to have no
essential gene and 83 have no haploinsufficient gene. However, using the graph theory approach [2]
5
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we observed in both cases that the observed number of edges in the intersection was far larger than
any value from the permutations and hence the permutational p-value was less that 1 in 1,000 providing some evidence against the null hypothesis and indicating that there might be an association
between the genes associated with a particular phenotype and some of the KEGG pathways used
in our analysis (Figure S5 in Supplementary Materials). Those first results show the importance of
the cell cycle machinery (sce04111 ) and the transcription processes in both cases (Table S10 and
Table S11 in Supplementary Materials). We also note the importance of mechanisms involved in
the cellular structure such as the Glycan structures - Biosynthesis 2 (sce01031 ) and Biosynthesis
of steroids (sce00100 ) pathways in essentiality. These pathways are in fact key processes for the
cell viability and reproduction and were also mentioned in Deutschbauer’s work [7].
The size of the identified pathways varies from 9 genes (protein export) to 109 genes (cell
cycle), going from what looks more like a multi-protein complex to an actual pathway. In the
case of essentiality, 3 out of the 12 essential pathways are in fact better described as multi-protein
complexes: the proteasome (sce03050 ), the DNA-directed RNA polymerase III (sce03020 ) and the
protein export complex (sce0360 ). In the case of haploinsufficiency both critical pathways identified
are probably better characterized as multi-protein complexes.

Conclusion
In this paper we have shown that some phenotypes can usefully be attributed to multi-protein
complexes and to other levels of cellular organization, such as pathways. We also provided a
computational and statistical paradigm in which to identify specific complexes or pathways that
are involved. We note that we have described these tests in the context of identifying multi-protein
complexes and pathways but the approach is general and can be applied to any type of cellular
organizational units. As a proof of principal, we used the essential genes characterized by Giaever et
al. [11] and the haploinsufficient genes identified by Deutschbauer et al.[7] but the method applies to
virtually any system where phenotypic outputs are measured for single gene perturbations defined
a priori (see additional analysis in Supplementary Materials). We note that control over phenotype
is function of environmental condition, i.e., essentiality and haploinsufficiency are both affected by
the conditions under which those phenotypes were studied. Genes that did not exhibit essential
phenotype under the conditions used by Giaever et al. [11] or Deutschbauer et al.[7] could easily
be critical under other conditions.
As previously observed in other studies, we have shown that essential genes tend to be highly
conserved across species. Furthermore, we showed that it is especially true within critical multiprotein complexes. However the reciprocity does not seem to hold in our analysis. In fitness growth
defect phenotypes, genes inducing the phenotypes and over-represented in the associated critical
complexes do not seem to be especially more conserved across species.
Finally, we believe in the modular nature of phenotypic changes and have demonstrated that
multi-protein complexes play a major role in it. Our findings are especially interesting as they allow
us to identify key cellular components in disease mechanism and potential drug targets. Moreover,
we believe that further analysis following this procedure will help us have a better understanding
of complex biological systems and their associated phenome.
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Materials and Methods
Data sources
Phenotype datasets
The list of S. cerevisiae essential genes was obtained from the Saccharomyces Genome Database
(www.yeastgenome.org) [1]. The genome of S. cerevisiae is currently believed to be composed
of 6,604 ORFs which can be further classified into 4,662 verified ORFs, 1,132 uncharacterized,
and 815 dubious ORFs (last update November 2007). Among those genes, 1,101 are classified
as essential genes, i.e., their deletion is lethal in rich media condition [11]. The haploinsufficient
data set was extracted from Deutschbauer et al. [7]. They found that 184 S. cerevisiae genes were
haploinsufficient for growth in Yeast extract/peptone/dextrose (YPD).
Cellular organizational units
Multi-protein complex co-membership was determined from GO [3, 26], MIPS [12], protein-protein
interactions data obtained from the IntAct database (http://www.ebi.ac.uk/intact/site) and estimates from tandem affinity purification-mass spectrometry experiments (AP-MS) by [9, 10, 13,
18, 19]. This resulted in an estimated interactome of 398 curated multi-protein complexes from
the online databases and (GO, MIPS, IntAct), and 549 estimated and non-annotated multi-protein
complexes from the AP-MS experiments. In total, our estimated interactome is composed of 947
complexes with 1,803 unique genes (including 695 essential genes and 100 haploinsufficient genes).
The multi-protein complexes estimated from the AP-MS experiment have a prefix apComplex followed by the author and year of the experiment and an arbitrary identification number [21]. Pathways were extracted from the Kyoto Encyclopedia of Genes and Genomes, KEGG [15]. KEGG
contains 99 pathways specific to S. cerevisiae out of 918 referenced, corresponding to 1,205 unique
genes in which 332 are essential and 94 are haploinsufficient. Mappings between yeast genes and
the GO categories and KEGG pathways were obtained from the R metadata package, YEAST ,
available from the Bioconductor Project (http://www.bioconductor.org).

Experimental design
Standard molecular biology techniques were used. Yeast strains used in this study are BY4741
MATa his3∆1 leu2∆0 met15∆0 ura3∆0 and BY4742 MATα his3∆1 leu2∆0 met15∆0 ura3∆0.
The multi-protein complexes tested and the gene pairs that were deleted are described in Supplementary Materials. Yeast deletion alleles were made by PCR amplification of the appropriate
knockout construct, followed by transformation into yeast cells using standard yeast transformation techniques. Synthetic lethality was determined by tetrad dissection analysis (See http:
//www.fhcrc.org/labs/gottschling for more details).

Computational and Statistical Methods
Our null hypothesis was that there was no association between the collection of genes that induced
the phenotypic change and the organizational units (e.g., multi-protein complexes, pathways). To
test this hypothesis we considered a multi-faceted approach. First, we used a hypothesis test
designed to determine whether there was an effect that could be attributed to that specific grouping
of genes, without testing which cellular organizational units were involved. Then, if we rejected
7
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our null hypothesis of no association between the collection of genes that induced the phenotypic
change and the organizational units, the next step was to identify those specific organizational
units. We thus looked for the cellular organizational units that had an over-representation of the
genes that induced the phenotypic change (e.g., essential genes).
Density Estimation
For each cellular organizational unit, we computed the proportion of genes that affect the phenotype.
We then computed the smoothed histogram of the proportions and compare it to a reference
distribution. Our reference distribution is obtained by randomly permuting 1,000 times the gene
labels for the interactome and computing, for each permutation, the new (simulated) proportion of
genes that affect the phenotype and the associated smoothed histograms.
Graph Theory
The graph theory procedure is based on the permutation of graphs proposed by Balasubramanian et
al. [2]. Two distinct graphs, Gi = (V, Ei ), i = 1, 2, were formed. The nodes, V , were the S.
cerevisiae genes, and they were common to both graphs. In one graph G1 two proteins had an
edge between them if, and only if, they were co-members of one, or more, cellular organizational
units. In the second graph G2 edges were created between all proteins that were associated with a
phenotype of interest, so that if there were k genes associated with the phenotype of interest then
there would be k(k − 1)/2 edges. We excluded self-loops in both graphs. We then computed the
intersection of these two graphs and counted the edges in common. As an example, in the case
of multi-protein complexes, if there was an association between genes that induced the phenotype
and protein complex co-membership then there should be many edges in this intersection. To test
whether the number of edges in the third graph was unexpectedly large, a permutation analysis
was performed. A reference distribution was computed by permuting 1,000 times the labels on
either G1 or G2 and counting the number of edges in common obtained. A p-value can be obtained
by comparing the observed test statistic to the observed distribution of the counts of intersecting
edges from the permutations.
Hypergeometric Test
We used a Hypergeometric test to assess whether a cellular organizational unit contains more genes
that affect the phenotype (e.g., essential genes) than expected by chance. We did not adjust for
multiple comparisons as it was not clear how to account for the fact that most genes are members
of more than one protein complex and hence there is a very complex dependency between the
tests. We rather ranked the multi-protein complexes by their p-value and classified a complex
as being associated with the phenotype if the Hypergeometric p-value was less than 0.01. The
Hypergeometric test is the equivalent of Fisher’s exact test for two-by-two tables and we report the
p-value, expected values and odds ratio for all tests. We term the cellular organizational unit for
which we reject this test critical as they relate to the phenotype being studied.

Software Implementation and Availability
The data used in the statistical analysis in this paper and the algorithms developed for the proposed
computational methods are all available as freely distributed open source R/Bioconductor software
8
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packages with an Artistic license. They are integrated into the R/Bioconductor environment for
statistical computing and bioinformatics and run on multiple operating systems including Windows,
Mac OS X and Unix.

List of abbrevations
 AP-MS Affinity Purification-Mass Spectrometry
 GO Gene Ontology
 IQR Inter-Quartile Range
 MIPS Munich Information center for Protein Sequences
 ORFs Open Reading Frames
 PCR Polymerase Chain Reaction
 RSD Reciprocal Smallest Distance
 YPD Yeast extract/Peptone/dextrose
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Figure 1: Are essential genes randomly distributed among multi-protein complexes? This schema
illustrates our statistical hypothesis and presents the possible distributions of the essential genes
among of protein complexes. (a) H0 : If the essential proteins are randomly distributed in multiprotein complexes, a multi-protein complex of size 10 would contain, on average, 4 essential proteins
(shaded) and 6 non-essential proteins. (b) H1 : If the essential proteins are not randomly distributed
then we anticipate clustering, with some multi-protein complexes having few, or many, essential
genes.
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Figure 2: Essential and haploinsufficient genes are not randomly distributed among multi-protein
complexes. Smoothed histograms of the proportion of genes per multi-protein complexes that are
associated with a phenotype. The dark line represents the observed data and the light curves represent the permuted data. Only the first 50 simulated density estimates out of 1,000 permutations
are displayed for visualization efficiency. Panel (a) corresponds to the essential genes and Panel (b)
to the haploinsufficient genes.

13

Hosted by The Berkeley Electronic Press

400
200
100

Frequency

300

100 150 200 250

0

0

50

Frequency

0

5000

10000 15000 20000 25000

0

Edges

500

1000

1500

Edges

(a)

(b)

Figure 3: Associations exist between multi-protein complexes and the genes associated with the
observed phenotypes. The distribution of the number of edges, under the null distribution of genes
randomly distributed (1,000 permutations), grey histogram, in multi-protein complexes compared
to the number of observed edges, dashed line. Panel (a) shows the results for the essential genes;
Panel (b) for the haploinsufficient genes.
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Figure 4: Essential genes are more conserved than the non-essential genes within the same
critical multi-protein complex. Each panel presents a comparison between S. cerevisiae and one
other species (named in the panel strip). In each panel, each boxplot shows the distribution of the
gene evolution distances between the 2 species, calculated using the RSD approach [27]. The ’E’
boxplot represents the distribution of distances for the genes inducing a lethal phenotype (essential)
and the ’NE’ represents the other set of genes (non-essential). In all cases the median distance and
the spread (IQR) are smaller for the essential genes.
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Tables
Table 1 - Number of critical complexes in our interactome, per data sources and
phenotypes.

GO
MIPS
Gavin2002
Krogan2004
Ho2002
Intact

Essential
25
13
40
14
7
3

Haploinsufficient
9
5
12
7
5
0

Total
225
113
257
81
238
33
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